This paper applies a heterogeneous agent asset pricing model, featuring fundamentalists and chartists, to the price-dividend and price-earnings ratios of the S&P500 index. Agents update their beliefs according to macroeconomic information, as an alternative to evolutionary dynamics. For estimation, a STAR model is introduced, with a transition function depending on multiple transition variables. A procedure based on linearity testing is proposed to select the appropriate linear combination of transition variables. The results show that during periods of favorable economic conditions the fraction of chartists increases, causing stock prices to decouple from fundamentals.
to existing results in the literature on the effects of the real economy on financial markets.
For example, Fama and French (1989) , Campbell (2003) and Cooper and Priestley (2009) , amongst others, study the variation of risk aversion over the business cycle, and find more risk appetite on financial markets during economic upturns. The interpretation of countercyclical risk premiums is different from this paper. Instead of a rational representative agent becoming less risk averse, I assume that under favorable economic conditions an increasing fraction of agents chooses a more speculative trading strategy by becoming chartist. These findings are, however, not necessarily inconsistent, as chartists are sometimes described as being less risk averse than fundamentalists (Chiarella and He, 2002; Chiarella et al., 2009 ).
Using a cross-section of US stock returns, Chordia and Shivakumar (2002) find that momentum strategies are profitable only during the most expansionary periods of the business cycle.
Without making any agent-based interpretations, Spierdijk et al. (2012) use a panel of stock market indices from 18 OECD countries to find that the speed of mean reversion towards the fundamental value accelerates during periods of high economic uncertainty. This result confirms my findings since a high speed of mean reversion implies a high fraction of fundamentalists.
The STAR model is typically univariate, in which the transition between regimes depends on a lag of the dependent variable as in Teräsvirta (1994) . Alternatively, the transition function may depend on a single exogenous or predetermined transition variable as in Reitz and Westerhoff (2003) , Reitz and Taylor (2008) and Reitz et al. (2011) , who study the nonlinear effects of purchasing power parity and central bank policies on exchange rates. In contrast to these studies, I allow for a multivariate transition function depending on multiple exogenous or predetermined transition variables with unknown weights, in order to estimate the nonlinear effects of multiple economic variables simultaneously. Estimating this multivariate STAR model raises two difficulties compared to the univariate STAR: Selection of the tran-sition variables to include, and estimation of their weights. Medeiros and Veiga (2005) and Becker and Osborn (2012) consider estimating STAR models with unknown weighted sums of transition variables, but both are limited to univariate models in which the transition functions depend on linear combinations of different lags of the dependent variable. I propose to apply the linearity test by Luukkonen et al. (1988) to select the transition variables from a large set of information and simultaneously estimate their respective weights in the transition function. The resulting STAR model with multivariate transition function provides a better fit to the PD and PE ratios than linear models and STAR models with a single transition variable do, while the estimates support the idea of a smooth transition between chartism and fundamentalism.
The next section presents the heterogeneous agent model and the STAR specification in more detail. Data descriptions and linearity tests are given in section 3 while section 4 presents estimation results, interpretation and diagnostic checks. Section 5 concludes.
The model
In a simple linear present value asset pricing model, consistent with the efficient market hypothesis, the price of a financial asset (P t ) equals the discounted sum of the expected asset price next period and any expected cash flows (dividends, D t+1 ) paid out on the asset in the coming period (Gordon, 1959) . Iterating forward, the price can be expressed as a infinite sum of discounted expected dividends:
in which the constant discount factor is given by (1 + r) −1 . By introducing the dividend growth rate g t , such that D t = (1 + g t )D t−1 , this equation can be rewritten as:
According to equation (2), any movements of the PD ratio
can be caused only by time-variation of the discount factor or by changed expectations on future dividend growth rates. Under the assumption of a constant discount factor, an increase in the PD ratio should predict an increase in future dividends and vice versa. However, Campbell and Shiller (2001) argue that neither the PD nor the PE ratio are good predictors for future dividend growth rates.
Instead, both valuation ratios work well as a predictor for future stock returns. High valuation ratios predict decreasing stock prices, while low ratios predict increasing prices (Campbell and Shiller, 2001 ).
The assumption of a constant discount factor is very restrictive. Instead, modern asset pricing models often incorporate a stochastic discount factor (SDF), representing the timevarying risk aversion of a representative agent (Cochrane, 2011) . Nevertheless, Campbell and Shiller (1988) show that the finding of excess volatility is robust to several time-varying discount factors, including discount factors based on consumption, output, interest rates and return volatility. Brock and Hommes (1998) provide an alternative to the present-value relationship (1) and the SDF framework, by allowing asset prices to depend on the expectations of H different types of boundedly rational agents: (2007) show that if dividends are specified as a geometric random walk process, model (3) can be reformulated as follows:
in which y t is defined as the PD ratio in deviation from its fundamental value. The results of Campbell and Shiller (2001) suggest to estimate mispricings in the market as the PD ratio in deviation from its long-run average:
represents an estimate of the fundamental value of the PD ratio. y t gives the size of the bubble in the market, which can be negative as well as positive. The asset is over-valued if y t > 0 and under-valued if y t < 0. The price of the asset P t can be decomposed in an estimated fundamental value µD t and bubble y t D t :
A widely cited example of model (3) distinguishes two types of agents, fundamentalists and chartists, who are both aware of the fundamental value, but disagree about the persistence of the deviation from this fundamental value. The fundamentalists' strategy is to buy stocks when the market is undervalued and sell when the market is overvalued. They believe in mean reversion; mispricings in the market should disappear over time: E F t [y t+1 ] = η F y t−1 , with η F < 1 + r. Chartists (or trend-followers), on the other hand, speculate that the stock market will continue to diverge from its fundamental valuation: E C t [y t+1 ] = η C y t−1 , with
By substituting these two beliefs into (4) and allowing the fractions of both agent types to vary over time, the asset pricing process can be described by a smooth-transition autoregressive (STAR) process:
with α F = η F /(1 + r) < 1 and α C = η C /(1 + r) 1. The transition function G t defines the fraction of chartist in the market. The fraction of fundamentalists is in this two-type model is
given by 1 − G t . Although both types use a linear prediction rule, the time-varying fractions of each agent type makes the process nonlinear and, under certain parametrizations, chaotic (Brock and Hommes, 1998 
in which γ represents the intensity of choice of the agents. If γ → ∞ all agents choose the strategy that was most profitable in the previous period. On the other hand, if γ = 0, the fraction of both types is exactly 50% in all periods, independent of the realized profits.
Instead of these evolutionary dynamics, I let the agents base their choice of strategy on macroeconomic and financial information, which can be interpreted as an extension of the agents' information set. Of interest is to find which economic conditions can be associated with each type of agent.
The transition function G t is a logistic function, as in the logistic STAR (LSTAR) model
by Teräsvirta (1994) :
in which the transition variable x t is usually a lagged value or lagged difference of the dependent variable, but can be any predetermined or exogenous variable. The transition function may also depend on a linear combination of variables:
with
and p is the number of included transition variables. For this model; γ, c and β can not be all identified. This problem can be solved by placing a restriction on β .
In this paper, the elements of β are restricted to sum to one, so that X t β is a weighted sum of multiple transition variables.
3 Data and linearity tests Figure 1 shows quarterly data of the PD (left) and PE (right) ratios of the S&P500 index since 1881 1 . These valuation ratios show the level of the S&P500 index relative to the cash flows that the indexed stocks are generating. In particular the path of the PE ratio (right) seems stable or mean-reverting in the long run. Even after reaching record levels around the start of this century, the PE ratio recently dropped again below its average value during the credit crisis in 2009. This latest peak is comparable in size to earlier episodes, most notably the 1920s. For the PD ratio, this pattern is less clear. Due to relatively low dividend payouts by listed firms in recent decades (Fama and French, 2001) , the PD ratio climbs during the 1990s to much higher levels than during any earlier peaks in the market. Although the model in section 2 is expressed in terms of the PD ratio, I estimate the STAR model with both these valuation ratios as the dependent variable. Earnings are smoothed over a period of ten years, creating the so-called cyclically adjusted PE ratio. Both valuation ratios are taken in deviation from their average value.
I follow the specification, estimation and evaluation cycle for STAR models proposed
by Teräsvirta (1994) . The specification stage includes the selection of the appropriate lag structure and justification of STAR modeling by testing for linearity. To find the optimal lag length, I estimate linear AR(q) models including up to six lags for both the PD and PE ratio. Table 1 shows the Akaike Information Criteria (AIC) and Bayesian Information Criteria (BIC) for all specifications. For both valuation ratios, the AR(1) model is selected as the appropriate specification. The STAR model is therefore estimated with an autoregressive structure of one lag, as in equation (7). At the end of this paper, I verify the sufficiency of this lag structure by submitting the residuals from the final STAR model to a test of serial independence.
The next step is to test for linearity and simultaneously select the transition variables. I consider a set of financial and macroeconomic indicators as potential transition variables 2 .
The first set of indicators is related to the performance of the stock market and includes both dependent variables (PD and PE), monthly returns (RET ) and the volatility of the S&P500 index (VOL), defined as the variance of daily returns in each quarter. For the other indicators I follow the choice of variables by Campbell (2003) , who uses business cycle indicators, inflation and interest rates to study the cyclical properties of risk premiums. The business cycle indicators considered by Campbell (2003) are real GDP (GDP) and consumption (CON). I 2 Source: FRED® (Federal Reserve Economic Data) supplement these indicators with the output gap (OPG) and industrial production (IND). The inflation rates are the consumer price index (CPI) and GDP deflator (DEF). The interest rates used by Campbell (2003) are the short-term yield on 3-month US treasury bills (STY ) and the long-term yield on 10-year US treasury notes (LTY ). I add to this the 10-year yield on Baa-rated corporate bonds (CBY ) and construct the term spread (T SP = LTY − STY ) and the yield spread of corporate bonds over sovereign bonds (Y SP = CBY − LTY ). While the business cycle indicators measure the current state of the economy, these interest rates and spreads contain expectations on future macroeconomic conditions (Bernanke, 1990; Estrella and Mishkin, 1998) . GDP, CON, IND, CPI and DEF are measured in quarter-on-quarter growth rates. OPG is a percentage of GDP. For the interest rates and the output gap I look at both levels and first differences (denoted by ). These data are not available for the full period of S&P500 data, so the model is estimated using 208 obervations (1960Q1-2011Q4).
All variables are standardized (demeaned and divided by their standard deviation), to accommodate numerical estimation of the nonlinear model. For all explanatory variables, I consider both first and second lags, which are therefore predetermined with respect to the dependent variable.
To determine which of these variables are valid transition variables in the STAR model, they are submitted to a linearity test based on a Taylor approximation of the STAR model following Luukkonen et al. (1988) . First, I consider the univariate transition function (9). A third-order Taylor approximation of (7) with univariate transition function (9) around γ = 0 gives:
Linearity can now be tested by estimating this Taylor approximation by OLS and testing the null hypothesis H o : φ 2 = φ 3 = φ 4 = 0. Rejection of linearity implies that x t is a valid transition variable.
Results of the linearity tests are given in Table 2 , which shows the test statistics and cor-responding P-values. The test statistic is asymptotically F(n, T − k − n − 1) distributed under the null, with T = 208 (observations), k = 2 (unrestricted parameters) and n = 3 (restricted parameters). An asymptotically equivalent χ 2 -test may be applied here as well, but the F-test has preferable properties in small samples (Teräsvirta et al., 2010) . The results in Table 2 show that several variables are valid transition variables.
I consider the LSTAR only, since a logistic transition function follows directly from the logit switching rule in the model by Brock and Hommes (1998) . Alternatively, the transition function could be an exponential function as in the ESTAR model. To verify that the LSTAR is the correct model, I apply a sequence of three F-tests based on (11) proposed by Teräsvirta (1994) to choose between both transition functions: H o1 : φ 4 = 0, H o2 : φ 3 = 0 | φ 4 = 0 and
If H 02 yields a stronger rejection than H 01 and H 03 , the ESTAR model is the best choice. Otherwise, the LSTAR model is preferred. Table 2 shows that with most transition variables, the LSTAR (marked by L) is the preferred specification. Teräsvirta (1994) further recommends to estimate the STAR model with the transition variable for which rejection of linearity is the strongest. However, the fact that linearity is rejected for different transition variables suggests to incorporate more than one variable in the transition function.
Allowing for a multivariate transition function, I now propose a similar procedure based on linearity tests to select the appropriate transition variables X = [x 1 . . . x p ]. From substituting x t = X t β into (11) it becomes clear that this Taylor approximation can not be estimated by OLS if the weights β are unknown. To circumvent this problem, I first estimate β based on a first-order Taylor approximation 3 of (7), with a multivariate transition function (10) around γ = 0:
or:
such that θ i = φ 2 β i . This Taylor approximation can be estimated by OLS for any set of explanatory variables, after which the OLS estimates θ and the restriction
used to derive estimates of β :
Selecting the optimal set of transition variables consists of the following steps. First, I estimate (13) for each possible set of one to four transition variables, which never includes more than one variable out of each of the following four groups: (i) Stock market indicators,
(ii) business cycle indicators, (iii) inflation rates and (iv) interest rates and spreads. This approach limits the number of sets under consideration and, because several variables within each group are highly correlated, it avoids multicollinarity within the transition function. For each set, I then compute β , following (14) and perform a t-test on each element of β . In trying to avoid selecting an overfitted model, I proceed only with those sets of variables for which all elements of β are significant at the 10% level. For these selected sets, I substitute x t = X t β into the third-order Taylor approximation (11) in order to test the null hypothesis
Finally, I choose the set of variables yielding the strongest rejection of linearity as the optimal set of transition variables. Table 3 reports the final results of this test procedure. With the selected linear combinations of transition variables, the rejection of linearity is stronger than with any of the single transition variables in Table 2 . In both cases the LSTAR model is preferred over the ESTAR.
Results
The parameter estimates for the STAR model are presented in Table 4 . The models are estimated by nonlinear least squares, preceded by a (p + 1)-dimensional grid search for γ, c and the (p − 1) free elements of β to find starting values. The selection criterion in this grid search is the sum of squares of the STAR model, which can be estimated by OLS when γ, c and β are kept fixed. The estimated autoregressive parameters of each regime are denoted by α 1 and α 2 , rather than α C and α F , because the latter notation implies restrictions on these parameters that I do not impose during estimation.
The top rows of Table 4 show the parameter estimates for the STAR models (7) with univariate transition function (9), using the transition variable for which rejection of linearity is the strongest, which is the first lag of industrial production (IND t−1 ) for both valuation ratios. Because there is only one transition variable, there are no weights β to estimate.
Although both estimated models include a mean-reverting and a trend-following regime, the results are not entirely consistent with the spirit of the heterogeneous agent model by Brock and Hommes (1998) , because the intensity of choice parameter γ is so high that the fraction of each type is either zero or one. Contrary to the idea of heterogeneous beliefs these results suggest that the entire population of agents makes the same switch simultaneously.
The bottom rows of Table 4 show the STAR models (7) with multivariate transition function (10). With multiple transition variables, the estimates of γ are lower, in support of a smooth transition between the regimes. In both estimated models, two distinct regimes are identified. Each specification has one autoregressive parameter significantly smaller than one (representing the fundamentalist type), while the other autoregressive parameter is significantly greater than one (representing the chartist type). Interpreting β reveals that chartists are more dominant during periods of economic expansion, while the fraction of fundamentalists increases during economic downturns.
With y t = PD t , the effect of volatility (VOL t−1 ) does not seem significant. I keep this transition variable in the model, because excluding it does not improve the fit of the model.
Industrial production growth (IND t−1 ) has a positive coefficient, implying in this case it supports the chartist type. An increase in industrial production causes an increase in the fraction of chartists in the economy. Also the short-term yield on 3-month treasury bills (STY t−2 ) has a positive coefficient. A high yield on low-risk assets like treasury bills implies low levels of risk aversion, and in this model a high fraction of chartists. With y t = PE t , the model does not include the exact same set of transition variables, but the results tell a similar story: Chartism is the dominant strategy during expansive periods, signalled by high industrial production growth (IND t−1 ) and inflation (DEF t−2 ).
Several measures are applied to evaluate the fit of the STAR model, compared to the fit of an AR(1) model and the linear regression model:
which includes the same explanatory variables as the STAR model. Table 5 (7)- (10) has a better fit than the linear model (15) implies that the variables in X t work better in explaining the switching process between mean-reverting and trend-following regimes than they do in explaining the level of PD t and PE t , which supports the notion of chartism and fundamentalism. The macroeconomic information is not simply correlated with stock prices but has an effect on the nonlinear adjustment towards the fundamental value. Table 5 also shows the test statistics and bootstrap P-values for the linearity test by Hansen (1996 Hansen ( , 1997 . Like the linearity tests in section 2, these tests show strong rejections of linearity, with P-values lower than 1%.
An intuitive interpretation of the results is found by giving (7) the alternative formulation of an AR(1) process with a time-varying parameter:
in which δ t = α 1 (1 − G t ) + α 2 G t , which can be interpreted as an indicator of market sentiment. When δ t 1 the valuation ratio is diverging from its mean, implying that the chartist regime is dominant, while the valuation ratio is mean-reverting when δ t < 1. Finally, the estimated multivariate models in Table 4 are evaluated with diagnostic checks. Table 6 presents results on tests of serial independence, parameter constancy and no remaining nonlinearity. Eitrheim and Teräsvirta (1996) provide technical details on all three tests.
The test of serial independence test the null hypothesis of no q th order autocorrelation in the residuals. For a q th order test, the resulting test statistic is asymptotically F(q, T − q − 4) distributed under the null, with T = 208 (sample size). I execute this test for first-up to fourth-order autocorrelation. For both models, the test results give no reason the reject the null hypothesis, confirming the sufficiency of an autoregressive structure of only one lag.
Under the null hypothesis of no time-variation of the parameters in (7) and (10), the parameter constancy test statistic is asymptotically F(6, T − 10) distributed. Also this test
gives no reason to reject the specification.
The test of no remaining nonlinearity checks whether any variable has a significant nonlinear effect on the residuals. This could be the case when a transition variable is omitted, or when these variables have an effect on y t through some other nonlinear channel. The test statistic is asymptotically F(3, T − 6) distributed under the null. This test is repeated for the first lags of all potential transition variables considered in this paper. For the majority of the variables, the null hypothesis of no remaining non-linearity can not be rejected at the 10% level. There are some exceptions, in particular lagged returns (RET t−1 ), but including these variables in the transition function does not improve the fit of the model. Given that the test is repeated for many variables, it is possible that the rejections are Type I errors. Overall, the results of these diagnostic checks are positive and provide support to the specification of the model.
Conclusion
In this paper, I identify two types of agents: fundamentalists and chartists. The presence of chartists, who are predicting trends rather than fundamentals, explains the existence of bubbles in asset prices. To estimate the effects of macroeconomic conditions on the behavior of agents, I propose a STAR model with a multivariate transition function. This STAR model outperforms STAR models with a single transition variable as well as linear alternatives in terms of goodness-of-fit.
Agents are more willing to believe in the persistence of bubbles during times of positive macroeconomic news. Chartists gain dominance during periods of favorable economic conditions, mainly measured by industrial production. The fraction of fundamentalists increases during economic downturns, which encourage agents to re-appreciate fundamentals.
Further research in this area may include an investigation of international stock markets, in order to find whether the switching between chartism and fundamentalism is based on the same factors and occurs simultaneously across countries. In addition, the framework presented in this paper is suitable to find the macroeconomic conditions under which any asset price deviates from some measure of fundamental value. Other possible applications include the deviation of exchange rates from purchasing power parity (see e.g. Rogoff, 1996) , or the term structure of interest rates in deviation from the expectations hypothesis (see e.g. Mankiw and Miron, 1986) . Figure 2 :Regression results: Plot (left) of δ t = α 1 (1 − G t ) + α 2 G t over time and scatterplot (right) of G t against X t β , evaluated at parameter estimates in Table 4 . Notes: Optimal set of transition variables X t in terms of the highest F-test statistics and lowest P-values for H o : φ 2 = φ 3 = φ 4 = 0 in equation (11), with x t = X t β . L/E refers to the LSTAR or ESTAR model selected by the procedure of Teräsvirta (1994) . The elements of β are estimated based on equations (13) Notes: NLS parameter estimates for model (7) with univariate transition function (9) or multivariate transition function (10). Standard errors in parenthesis. All estimated models include a constant, which are not significantly different from zero and are therefore not reported. 
